Abstract: Transmembrane protein topology prediction methods play important roles in structural biology, because the structure determination of these types of proteins is extremely difficult by the common biophysical, biochemical and molecular biological methods. The need for accurate prediction methods is high, as the number of known membrane protein structures fall far behind the estimated number of these proteins in various genomes. The accuracy of these prediction methods appears to be higher than most prediction methods applied on globular proteins, however it decreases slightly with the increasing number of structures. Unfortunately, most prediction algorithms use common machine learning techniques, and they do not reveal why topologies are predicted with such a high success rate and which biophysical or biochemical properties are important to achieve this level of accuracy. Incorporating topology data determined so far into the prediction methods as constraints helps us to reach even higher prediction accuracy, therefore collection of such topology data is also an important issue.
INTRODUCTION
Lipid bilayers border all cells and eukaryotic cell compartments forming a strong barrier against water soluble materials. Therefore, they require special gates to enable the transport of such materials in a controlled way. These gates are formed by transmembrane proteins (TMPs), which roles in living cells are eventually crucial. They are involved in nutrient and metabolism transport, information flow as well as in energy production. Because of their vast functional roles, membrane proteins are important targets of pharmacological agents. According to a recent study, G-protein coupled receptors, a subclass of TMPs, are the targets of approximately half of all drugs currently on the market [1] and among the 100 top-selling drugs 25% are targeted at members of this protein family. Moreover, about 20-25% of proteins coded in genomes sequenced so far are TMPs [2] [3] [4] [5] . However, according to the PDBTM database [6, 7] , despite the exponential growth of solved structures of TMPs, less than 2% of all structures of the Protein Data Bank (PDB) [8] form membrane embedded TMP structures. Information on 3D structures of TMPs is essential both for understanding most of the cellular process and to develop new drugs. Therefore, bioinformatics has come to the front to help to bridge the information gap between the number of solved transmembrane protein structures and their sequences.
In this review, first we overview the structure of TMPs and discuss the relevant and/or current topology prediction methods from the viewpoint of what we know about membrane protein structures and what we can learn about the various prediction methods. We also review the available topology databases, which apart from their primary usage can be help to improve the accuracy of the various prediction methods. In this review we focus our attention on helical TMPs, while structure and topology prediction methods for -barrel TMPs are not covered.
STRUCTURE OF INTEGRAL MEMBRANE PROTEINS

Structural Elements of Integral Membrane Proteins
The lipid bilayer represents an environment from where water is expelled. Therefore, to find the lowest free energy state, the polypeptide chain has to solve the problem of finding the best energetic solution to embed its polar amino and carbonyl groups into the bilayer, and shielding its hydrogen donor and acceptor groups. The solution is the form, where most hydrogen donor and acceptor atoms are paired, in anhelix or in a -barrel structure. Therefore, the membrane embedded parts of TMPs form an -helical bundle nearly perpendicular or slightly tilted to the membrane plane, or rarely, mostly in bacterial porins, a -barrel. In the central ±15Å of the membrane (the origin is at the middle of the lipid bilayer) mostly hydrophobic amino acids can be found, and the secondary structure composition in this region is almost 100% regular element: -helix or -sheet [9, 10] .
The length of the secondary structure elements are ~20-25 and ~9-11 residues for -helices and for -sheets, respectively, corresponding to the width of the apolar part of the membrane (~30 Å). The termini of the secondary structural elements are not necessarily coinciding with the membrane water interface; sometimes these elements protrude from the membrane or turn back within the lipid bilayer by forming hairpins. As more high resolution structures of helical membrane proteins become available, we learn that transmem-brane helices (TMHs) have a wider length distribution. If TMHs are tilted, the necessary length to cross the membrane is much larger than the length of TMHs parallel to the membrane normal. For example, very long TMHs (>35 residues) have been found in LeuT, a prokaryotic homologue of mammalian neurotransmitter sodium symporters [11] , where the tilt angles of TM3 and TM8 are ~50°. Short helices usually are half helices, which are parts of the so called reentrant loops. Reentrant loops are membrane penetrating regions that enter and exit the membrane on the same side. According to an early analysis of these structural elements, reentrant loops can be divided into three distinct categories based on secondary structure motifs, namely long regions with a helix-coil-helix motif, regions of medium length with the structure helix-coil or coil-helix and regions of short to medium length consisting entirely of irregular secondary structure [12] . By using a simple prediction method, it was shown that more than 10% of helical TMPs contain reentrant regions [12] .
TMPs function as gates in the membrane, i.e. they transport various solutes, ions, metabolites and information across the membrane. To do this, their interior parts, which do not make contact with lipid side chains, are similar to the interior of globular proteins, which may contain structural elements stabilized by hydrophilic interactions. Thus, the surface of helices facing together sometimes contain polar side chains, prolines or more complicated structures, the above mentioned membrane reentrant loops.
Proline kinks were first observed by von Heijne [13] by the investigation of the structure of photosynthetic reaction center and of bacteriorhodopsin. It was shown, that proline disrupts the transmembrane -helix and introduces a ~26 o kink. The possible function of prolines in surface expression, hormone binding, and cAMP induction was investigated, and it was shown that some of the membrane embedded prolines play important roles in the function of lutropin/ choriogonadotropin receptor [14] . By the analysis of the structure of "all -fold" TMPs, finding of frequent non--helical components, such as 3 10 -helices, -helices and intrahelical kinks (often due to residues other than proline), was also reported [15] . The possible evolutional history of proline kinks and the explanation, why non-proline residues can be in proline kink, was drawn by structural analysis of G-protein coupled receptors [16] . The latter analysis allows the authors to develop methods, which predict kink positions with >90% reliability.
The newly determined -helical TMP structures revealed other structural elements mostly found in those parts of the protein that are located in the membrane-water interface region. The secondary structure of these parts of TMPs are irregular structures and interfacial helices running roughly parallel to the membrane surface, while -strands are extremely rare [10] . In this region, hydrophobic and aromatic residues are abundant and tend to point towards the membrane, while charged/polar residues tend to point away from the membrane.
Number of Transmembrane Folds
For globular-soluble proteins the total number of distinct globular folds that exist in nature is predicted to be a rather limited number [17] , probably no more than 10,000 [18, 19] , regardless of the astronomical number of the possible combination of structural elements. In contrast, due to the physical constraints imposed by the lipid bilayer, most of the TMPs adhere to one principal topology, involving one or more -helices arranged parallel to each other and oriented roughly perpendicular with respect to the membrane plane, as we discussed it in the previous part. The short loops between helices constrain the possible fold of TMHs, as well. Therefore, conformation space can effectively be sampled for small numbers of helices, and there are only about 30 possible folds for a TMP with three TMHs [20] . The number of combinatorially possible folds was shown to increase exponentially with the number of TMHs to 1.5 million folds for seven helices, but most probably, analogously to globular protein fold number, only a limited number of conceivable structures are actually realized in nature.
The population of the distinct folds, similar to the globular proteins is highly non-homogeneous; the genome wide topology predictions show that single spanning TMPs are the most prevalent class [2] . The dependence of such fold population from the organism source was also reported [4] . We turn back to the results of genome analysis later on this review.
Topology Definition, Determination
While experimental structure determination of globular protein by means of X-ray crystallography or by NMR are becoming more routine and can be fully automated, we cannot nurse such hopes for TMPs because the difficulties in purifying and crystallizing them in an aqueous environment and because their relative high molecular weight. Therefore, scientists have to settle for a lower resolution structure definition, the topology. Topology is defined by the number and sequential position of membrane spanning segments and the localization of sequence segments between them relative to the membrane (cytosolic or extracytosolic). An even lower structure definition is the topography, when the number and sequential position of membrane spanning segments are given, but the relative locations of segments between them are not defined.
Various biochemical and molecular biology techniques have been developed to get information about the topology of TMPs, including immuno-localization, molecular biology modifications of proteins, such as inserting/deleting glycosylation sites, making fusion proteins etc [21] . In a recently launched database, called TOPDB [22] , few thousands of such experiments together with topology of membrane proteins with known 3D structures have been collected for about 1500 TMPs. Genome-wide topology analysis by using Cterminal alkaline phosphatase and green fluorescent protein gene fusion combined with constrained topology prediction was reported on Escherichia coli inner membrane proteome [23] . With a similar technique, experimentally constrained topology models for 546 yeast proteins have been constructed [24] .
Proteins with Ambiguous Orientation
Membranes have asymmetric charge distributions: the inside leaflet contains more negatively charged lipid than the outside one. Therefore, a polypeptide chain having more positive residues inside near the membrane is energetically stable, and this is why an asymmetric charge distribution can be seen on the polypeptide chain near the membrane. It is the so called positive-inside rule, described first by von Heijne [25] . Membrane proteins are expected to adopt only one topology in the membrane, but according to the positive inside rule [25] , if there is no bias for the positively charged residues in the inside and outside loops, a TMP may be "frustrated", i.e. it cannot decide its orientation and adopts the so called dual-topology [26, 27] . A dual-topology protein is defined as a single polypeptide chain that inserts into the membrane in two opposite orientations. The large scale investigation of E. coli membrane proteins revealed that dualtopology proteins may exist naturally [28] . Five potential dual-topology proteins were identified with relatively few positively charged residues and little bias in the charge distribution on one side of the membrane or the other. These proteins were hypersensitive to the insertion of charged residues into the inter-membranous loops, as compared to similar proteins with strong topology determinants (e.g. with high positive charge bias). It was also shown, that genes in families containing dual-topology candidates occur in genomes either as pairs or as singletons and that gene pairs encode two oppositely oriented proteins whereas singletons encode dual-topology candidates.
The small multidrug transporter EmrE protein structure has also been reported as a dual-topology protein [29] . However, the article describing the structure of EmrE later has been retracted [30] , but recently the head to tail orientation in the homodimer oligomer structure have been supported by solving its 3D structure again [31] . Although, there is a debate about the controversial parallel or anti-parallel structure of EmrE [32] [33] [34] , we should have to notice, that to solve the 3D structure of a membrane protein, it is taken out from its native environment and this can have a significant impact on the structure. The presence of weak detergents, for example, can induce the formation of non-biological oligomer structures with non-native crystal contacts, as it can be seen in the structure of rhodopsin [6, 35] . Therefore, the native oligomer structure of a TMP might not be deduced from its oligomer structure found in the crystal.
Although, there is no clear evidence that TMPs with dual-topology exist, topology prediction methods should consider this possibility.
TOPOLOGY
PREDICTION OF MEMBRANE PROTEINS
Topology prediction of all membrane proteins for an organism's proteome that is generating the topology of all TMPs in a genome from the nucleotide sequence may follow these steps: after gene prediction, the first task is to decide whether the given sequence codes a membrane or a water soluble globular protein? Next step is the detection of the presence of a signal peptide. Removing of the signal sequences is followed by topography predictions, prediction of the localization of membrane spanning segments within the amino acid sequence. Subsequently we need to decide the orientation of loops between TMHs relative to the membrane, which results in the full topology of the TMP.
In this section we overview the various algorithms and methods developed to solve these problems in the last couple of years, in addition we discuss how to handle the reentrant loops during the prediction and what we learned from the topology prediction methods about the TMPs ( Table 1) . Finally, we overview the genome wide topology prediction methods and their results on genomes sequenced so far. To discuss older topology prediction methods we refer to the reviews of von Heijne and Rost [36] [37] [38] [39] .
Differentiation Between Membrane and Globular Proteins
Prediction methods, which were developed or tested for making differences between globular and TMPs, are listed in Table 2 (see column G/TM). It is generally considered that transmembrane topology prediction methods can be used for discriminating TMPs and globular proteins, because the presence or absence of one or more predicted transmembrane segments indicates the type of the protein. It is only partly true. We can tell only that the probability, that a protein is a TMP, increases with the number of predicted transmembrane segments. Therefore, proteins predicted with two or more transmembrane segments are regarded as TMPs usually, as it was applied in the preparation of global topology analysis of Escherichia coli [23] and Saccharomyces cerevisiae [24] membrane proteome, and is used in the PSORT-B algorithm to predict subcellular location of proteins [40] . However, not all topology prediction methods were developed to be able to make differences between protein types. For example, the original DAS (Dense Alignment Surface) algorithm was developed to predict TMHs in prokaryotic TMPs [41] , which algorithm was later upgraded to predict the transmembrane character of the protein studied in the DAS-TMfilter method [42, 43] . Other example is the algorithm of the HMMTOP method [44] , because the underlying statistical physics law, which is exploited in its algorithm (see below), is true only for TMPs. That is, strictly speaking, HMMTOP should be used only in the case of TMPs, as it is a topology prediction algorithm given that the query protein is a TMP. In contrast to HMMTOP, the various versions of TMHMM [4, 45, 46] , Phobius [47] [48] [49] and Philius [50] , which apply hidden Markov model as a supervised machine learning algorithm, can be used for this task, i.e. making differentiation between transmembrane and globular proteins.
A newly developed algorithm, called SVMtop [51, 52] , evaluates a hierarchical Support Vector Machine algorithm and follows partly the same logic as described above. That is, SVM is used first to predict the sequential position of TMHs then makes decision about the topology by a second SVM. This method classifies with a high level of the discrimination accuracy, it predicts only 0.5% of globular proteins as TMP (false positive rate), and 1.2% of TMPs as globular proteins (false negative rate). A comparison of the discrimination accuracy of the current methods can also be found in the article of Lo et al. [52] . TMpro method, by using latent semantic analysis together with HMM and ANN reaches much lower level of accuracy, but it uses only 25 free parameters as the results of the latent semantic analysis [53, 54] . It was also shown, that combination of the prediction methods increases the specificity and sensitivity of discrimination, in the case of the examination of the possible transmembrane origin of the prion protein [55] . 
Signal Peptide Predictions
The second step in our framework to predict topologies genome wide is the prediction of signal peptides. Signal peptides control the proper targeting of virtually all proteins to the secretory pathway. They are located at the N-terminal of the proteins and contain a hydrophobic region, which is very similar to the TMHs both in length and in the amino acid composition. The signal peptides are cleaved off while the protein is translocated through the membrane; however uncleaved signal peptides are also known. In the case of TMPs after translocating and cleaving off the signal peptides the N terminals of the TMPs get outside the membrane into the extracytosolic space. Cleavable signal peptides can be identified by simple statistical means [56, 57] or modern machine learning approaches such as ANN, HMM or SOM with high sensitivity (95-98%) and specificity (93-98%) [58] [59] [60] . Topology prediction methods, which were developed to predict signal peptides as well, are listed in Table 1 (column Signal).
The presence of the signal peptides on TMPs indicates the location of their N-terminus, therefore, combining signal peptide prediction and transmembrane topology prediction reduces both false prediction of signal peptides and false prediction of TMHs [47, 50, 61] .
Most topology predictions were reported to suffer from misprediction of signal peptides, due to the similar physicochemical properties of signal peptides and TMHs. The ef-fects on the accuracy of removing of signal peptides before or after TMH prediction were also investigated [62, 63] . We have to notice however, that signal peptide prediction and topology prediction are two different tasks. Signal peptide prediction can be regarded as the part of the sequence processing in the gene annotation project, where the aim is to predict the sequence of a mature polypeptide chain from the nucleotide sequence from the genome. After we have successfully predicted these sequences we can predict the topology of TMPs. The difference of these tasks are obvious, if we think of the different natural task of the signal peptides and TMHs, targeting proteins into the proper cellular environment and fold the polypeptide chain into the lipid bilayer environment, respectively. Some authors emphasize these facts, and call the attention of users, that signal peptides should be removed from the amino acid sequences before the topology prediction. This was exactly the case with HMMTOP, where, as we can see later, the algorithm can be applied only for the matured sequence of TMPs [44] .
Topography Predictions
Moving towards prediction of the topology of a TMP, the next step is to predict the sequential localization of membrane spanning segments. Earlier topography prediction methods explored the fact that membrane spanning segment are more hydrophobic than the other parts of the protein chains. The prediction scheme contains the following steps: choose a hydrophobicity scale of the 20 amino acids (or other propensity scale); generate a plot of these values by averaging them within a sliding window over the query sequence; identify peaks on the plot above a predefined threshold. Numerous hydrophobic scales of the amino acids have been reported to reach better prediction accuracy. For review of hydrophobic scales, their determination and their application to predict topography see [36, [64] [65] [66] .
The so called Dense Alignment Surface (DAS) algorithm overcomes the difficulties caused by the different hydrophobicity scales, which leads to different predictions. It was shown that in a special alignment procedure, unrelated TMPs can recognize each other without applying any hydrophobicity scales [67] . The DAS algorithm was shown to perform especially well as topography prediction method on prokaryotic helical proteins [41] . The upgraded form of DAS, the DAS-TMfilter algorithm is able to filter out false positive TMH predictions; therefore, it can make a distinction between proteins with and without TMHs at a reasonable low rate of false positive predictions [42, 43] .
Some recently published methods have also been capable to predict topography, but not topology. These methods employ new techniques and algorithms used on other areas of science, such as latent semantic analysis [53, 54] , higher order statistics [68] or evidence-theoretic K-nearest neighbor prediction algorithm [69] .
Because the performance of the first methods based solely on the hydrophobicity plots were rather poor, they were exchanged by novel statistical, machine-learning methods, which use hundreds of free parameters trained on the experimentally established topology information. However, after Bernsel et al. [70] , the translocons responsible for membrane-protein biogenesis do not have access to statistical data but rather exploit molecular interactions to ensure that membrane proteins attain their correct topology [71, 72] . Hence, those methods which are based on the same physical properties that determine translocon-mediated membrane insertion, by using properly scaled hydrophobicity values may access the same level of prediction accuracy as the best statistical methods. Indeed, prediction accuracy of a simple additive free-energy model derived from an experimental dataset describing the insertion of TMHs into the endoplasmic reticulum membrane in terms of free-energy contributions from individual amino acids in different positions along the membrane normal [73, 74] , reaches the same level as the current state-of-art prediction methods [70] .
Topology Predictions
After determining the sequential localization of membrane spanning segments, the next step for structure determination of TMPs is to orient the membrane spanning segments from outside to inside or from the inside to outside. This is equivalent to localizing the sequence segments between membrane spanning segments alternatively inside or outside. However, there are only a few properties of TMPs to help this task. The first and most prevalent such feature of TMPs is the so called 'positive-inside rule'. It was shown, that positively charged amino acids close to membrane spanning segments are more abundant in the cytosolic sequence segments than in the extra-cytosolic ones [25] . This rule is commonly used from bacteria to humans [75] . Most topology predictions apply the positive-inside rule after the topography prediction to choose the more likely model from the two possible ones based on the larger differences in positively charged amino acids within intra-membranous segments close to the membrane. In the first applications, where the positive inside rule were utilized [76] , however various models with certain and possible transmembrane segments were generated, and the predictions were made by choosing the model, where the differences of the number of lysines and arginines was the highest between the even and odd loops. This rule is also utilized in MEMSAT method indirectly, because this method maximizes the sum of log likelihood of amino acid preferences taken from various structural parts of membrane proteins in a model recognition approach [77] .
The success of MEMSAT and the various hidden Markov based methods [4, [45] [46] [47] [48] [49] [78] [79] [80] [81] [82] in topology prediction is due to the fact that the amino acid compositions of the various structural parts of TMPs are specific and the machine learning algorithms are capable to learn these compositions during the supervised learning. Sequences in various compartments, such as the transmembrane segments, the inside sequence parts close to the membrane, the extracytosolic space etc., have characteristic amino acid composition. Although, the novel machine learning methods report higher and higher prediction accuracies due to the continuously growing and more reliable training sets (see later), and because of combining the various techniques (e.g. using SVM or ANN for residue prediction and HMM for segment identification [83, 84] ) we cannot learn from these methods about the topology forming rules of TMPs. Moreover, to predict the topology of novel TMPs, which were never seen earlier by the machine learning methods, these methods may need to be retrained.
One HMM method, namely HMMTOP, is based on a different principle than the other HMM based algorithms, as described in the following. A polypeptide chain of a TMP goes through various spaces of a cell with different physicochemical properties (hydrophobic, polar, negatively charged, water-lipid interface etc). The preference of amino acids for these spaces is different. This is the reason why amino acid compositions of the various structural parts are characteristic and why the amino acid relative frequencies of the various structural parts of a TMP differ. However, we do not need to know and therefore, do not need to learn these characteristic amino acid compositions to predict the topology of TMPs! Simply the fact, that the polypeptide chain goes through various cell spaces with different properties results in that the amino acid composition of the structural parts corresponding to these spaces must show maximal divergence. Therefore, topology prediction methods based on this finding should have to partition an amino acid sequence, such that the amino acid relative frequencies corresponding to the various structural spaces (inside, membrane and outside) show maximal divergence. This partitioning can be found by hidden Markov models. Here, we have to refer to the original tutorial of Rabiner about HMM [85] , where the solving of the third problem of HMM (i.e. optimizing the model parameters to maximize the probability of the observation symbol sequence given the model) does not require the knowledge of emission probabilities, i.e. the knowledge of the probability distribution of amino acids corresponding the various structural parts. Therefore topology prediction of a TMP is equivalent to solve the third problem of HMM, optimizing the model parameters (emission, transition state and initial state probabilities) on every observation sequence. Therefore, HMMTOP does not require training; it predicts topology in an unsupervised manner. This is the reason, why HMMTOP appears on various tests in the top [36, 38, 86, 87] , and predicts topology with high success rates for proteins, which structures have never been seen before. It may also explain why it can increase the accuracy of TMHMM method [4, 78] (another HMM based method developed simultaneously, but independently from HMMTOP) when it was used in unsupervised mode (e.g. on each query sequence the Baum-Welch algorithms was applied) [45] .
Consensus prediction methods were developed not only to increase the prediction accuracy (by approx ten percent [86, [88] [89] [90] ), but to estimate the reliability of a predicted topology, as well [91] (see below). Consensus approach was also applied to predict partial membrane topologies, i.e. the part of the sequence, where the majority of applied methods agree [92] . However, the sequential coverage of partial consensus topologies was quite low in the test set, 44% and 17% for prokaryotic and eukaryotic proteins, respectively. Similarly to consensus approaches, ensemble methods, i.e. that use various parallel trained methods increases prediction accuracy by about 10% [79] . Consensus approaches using methods based on different principles and trained on different learning sets should give better prediction, than those incorporating closely related prediction methods (for the base principle of the individual methods see the 'URL and description' column in Table 1 .)
Benchmark Sets, Measuring Prediction Accuracies
Benchmark sets are used to evaluate the prediction accuracies of the newly developed algorithms and to compare them with the older ones. They do not contain homologous protein sequences, because their existence in the training and test set biases the prediction accuracy. The generally used sequence similarity cutoff value is 30%, but because very few reliable topology information is available, the used cutoff value can be higher. There are various commonly used benchmark sets and static servers e.g. the so called '160 protein' set [4], Möller's set [93] , the non-redundant set of TMPDB [94] and the static benchmark server built in the Rost's lab [95] . Sometimes, the SwissProt annotations are used (see e.g., [96] ), however as they are based on homology only, they cannot be regarded as experimentally established topology data. The benchmark sets seem to be biased in some ways. As it was shown, proteins whose topology can be predicted more reliably are more abundant in benchmark sets than they are found in the whole proteome [97] . Databases for signal peptide prediction were also collected [58, 60, 98] .
There are many measures, which are used to calculate the prediction accuracies of methods. The most commonly used values are the 'per segment' and 'per protein' accuracies. Per segment accuracy measures how many membrane spanning segments are correctly predicted relative to all TMHs. Usually, predicted membrane spanning segments are accepted as correct, if they overlap with the experimentally established TMHs to some extent. Topography of a protein is predicted as correct, if all of its TMHs are predicted correctly. Topology of a protein is correctly predicted if in addition, the in and out orientation of sequence segments between TMHs are correctly predicted. We have to notice, that the orientation of the N-terminus shows correct topology prediction if and only if the topography prediction is correct. Therefore, to measure solely the N-terminus orientation prediction accuracies is pointless. Also, because many TMPs have large globular parts, the per residue accuracy (Q2) is not so informative. Since the exact sequential position of TMHs in the training set are uncertain, even if the 3D structures are known, hence measuring the so called helix-end accuracy is meaningless, as well. The uncertainties of helix end positions in sequence harden the 3D prediction of TMPs, too.
Since the prediction accuracies of the various prediction methods are not perfect (e.g. 100%), measuring their reliability is an important issue. Two of the five developed reliability scores worked well on a test of Melen et al [97] , which allow the probability that the predicted topology is correct to be estimated for any proteins. As we shown previously, using consensus predictions of membrane protein topology not only increases the prediction accuracy, but it also provides means to estimate the reliability of a predicted topology, as well [91] . By using five topology prediction methods, it was found that the topology of nearly half of the test sequences can be predicted with high reliability (>90% correct predictions) by a simple majority-vote approach.
Reentrant Loop Predictions
Two types of reentrant loops contain medium size membrane helices (see Section "Structural elements of integral membrane proteins"). Because these structural elements enter and exit on the same side of the membrane, and the size of the helices is comparable of the size of TMHs or is in the allowed region of the various prediction methods, transmembrane topology prediction methods often predict them as TMHs. This not only results in a wrong prediction on the reentrant loop regions, but this error also influences the overall topology, as well. Therefore, transmembrane topology prediction methods, which are not prepared to predict reentrant loops cannot predict per se correct topology for proteins having reentrant loops. Because, more than 10% of TMPs may contain reentrant regions [12] , this error of prediction methods affects greatly their overall prediction accuracies.
There are basically three types of reentrant loop prediction methods. Lasso et al. developed an application [99] based on recognition of patterns and motifs extracted from known membrane dipping loop containing proteins in the SwissProt database [100] . The characteristic amino acid composition of reentrant loops were utilized on the TOP-MOD method [12] , but its performance was not actually very high, therefore the authors of TOP-MOD developed another HMM based prediction method, called OCTOPUS [83] , by modification of the common architecture of HMM. Reentrant loop prediction methods are listed in Table 1 (column  Reentrant) .
Constrained Predictions
Constrained prediction methods mean that some parts of the query sequence are locked to a predefined structural part during the prediction. Thus, given a constraint that for example the N-terminus is inside, the constrained prediction method gives prediction with the N-terminus is being inside. This is achieved by the modification of the Baum-Welch or Viterbi algorithm of the HMM based methods. The first such application was HMMTOP2 [101] . Later the two other HMM based methods, TMHMM and Phobius were also modified to reach this feature [49, 97, 102, 103] . The mathematical details of the necessary modification can be found in [104] . We have to note, that constrained prediction is not equivalent to filtering various prediction results based on some constraint.
Obviously, constrained prediction increases the accuracy and reliability, as it was shown in the case of the human multidrug resistance-associated protein (MRP1) [101] . The optimal placement of constraints was also investigated, and it was shown, that the accuracy can be increased by ten percent if the N-or C-terminal of the polypeptide chain is locked, and twenty percent is the maximum obtainable increase, if one of each loop or tail residue in turn is fixed to its experimentally annotated location [105] .
Constraints can be generated from different sources. Experimental results are the most commonly used constraints. In the topology analyses of E. coli and S. cerevisiae, the results of C-terminal fusion proteins were applied as constrains [23, 24, [105] [106] [107] . In a recently launched database, called TOPDB, more than 4500 experimental results were collected for ~1500 TMPs, and these constrains were applied for making constrained topology prediction for the ~1500 TMPs. The experimental results were applied for homologous protein sequences, as well [22] . Locations of compartment specific domains were also used as constrains. Such domains can be collected from various domain databases such as SMART [108, 109] or Pfam [110, 111] . Moreover, specific sequence motifs and fingerprints located conservatively on one side of TMPs were collected for this purpose into a database called TOPDOM [112] .
Genome Wide Topology Predictions
The number of genomic sequences is exponentially growing that generates huge amount of data for bioinformatics. Therefore, the genome-wide identification and characterization of TMPs requires fast, efficient and accurate prediction methods. While the early topology prediction methods based on hydropathy plot analysis were not able to predict TMPs genome-wide due to their high false positive prediction rate, several methods can now identify TMPs with better than 95% sensitivity and specificity [2-5, 46, 113-115] . These methods are based on statistical analysis of TMPs with experimentally established topology and on the use of machine learning algorithms. Although, the reliability of these methods measured on test sets are high, it was shown, that the commonly used test sets are biased towards TMPs, which topologies can be predicted more reliably as compared to the genomic sequences. Consequently, the prediction reliability of the genome-wide analysis should be lower than believed [94, 114] . The reliability can be increased by using consensus prediction methods and a consensus whole-genome analysis reveals that reliable partial consensus topology can be predicted for ~70% of all membrane proteins in a typical bacterial genome and for ~55% of all membrane proteins in a typical eukaryotic genome [92] .
Genome-wide prediction methods agree that about 20-30% of coded proteins are TMPs, with at least one TMH. An early study based on the analysis of 14 genomes found that larger genomes contain more TMPs than smaller ones [116] , which led to the hypothesis that the complexity of multicellular organisms is proportional to the number of TMPs in its genome. The validity of this correlation should be checked with more recent and accurate methods and on much larger number of available genomic sequences, because others fail to show this observation [4, 113] By using SOSUI methods it was observed, that distribution of TMHs in the predicted TMPs follow a geometric distribution [5] that is proteins with few TMHs are more frequent than proteins with many TMHs. Although, this general trend may be valid for almost all organisms, several exceptions were shown using improved topology prediction methods. In particular proteins with seven TMHs seem to be more frequent in higher eukaryotes, mostly because the expansion of GPCRs, whereas bacterial genomes encode large numbers of small-molecule transporters with 6 or 12 TMHs [109] . A strong bias towards even number of TMHs with N-in, C-in topology was also observed both in bacteria and in eukaryotes [23, 24, 109] . Although, general trends on the number of TMHs can be reliably observed as mentioned above, the overall predicted topologies by the various methods highly disagree. Constrained Philius topology predictions were made on the same data as TMHMM and PRODIV-TMHMM and it was reported, that the Philius predicted topology matched both of them only for 41% of proteins, whereas the constrained predictions from TMHMM and PRODIV-TMHMM match each other for 48% on the yeast transmembrane proteome [50] .
DATABASES OF EXPERIMENTALLY ESTAB-LISHED TOPOLOGIES
There are numerous experimental techniques, which can be used to get information on the topology of TMPs. Modifying the amino acid sequences, by exploring the advantage of molecular biology techniques allowed the insertion of a given tag into a predefined position in a given sequence. By determining the accessibility of the inserted tag the position of the insertion point relative to the membrane can be estimated. Insertion tags can be placed on N-glycolysation sites, Cys residues, antibody epitopes, proteolytic sites or even a full reporter protein. The latter case is similar to the situation, when the reporter enzyme is fused to the investigated protein in a certain position, and the activity of the reporter enzyme in the construction shows the in/out location of the insertion/fusion point. The reporters are typical molecules whose properties depend on their subcellular location. The most commonly used reporter enzymes for gene fusion studies in prokaryotes are alkaline phosphatase (encoded by the E. coli PhoA gene) [117] , -galactosidase (LacZ gene) [118] and -lactamase (bla gene) [119] ; while in eukaryotes HA/Suc2/His4C chimeric reporter or GFP are used for this purpose [24, 106, 120] . Readers, who are interested in these methods, should refer to the review of van Geest and Lolkema [21] .
In the late nineties scientists working on new prediction methods collected experimentally established topology data from the literature to check the prediction accuracy of their methods [41, 77, 121, 122] . The first well characterised dataset of TMPs -containing 320 records -was collected by Möller et al. [93] ; however a large part of the collected data (about one third) was based on the analysis of hydropathy plots and not on experiments. The authors faced the problem that the interpretation of individual experiments was sometimes difficult and the transmembrane annotation was provided by human experts, considering the results of the hydropathy plot analysis and experiments. The MPTopo database [123] , a database of TMPs whose topologies have been verified experimentally by means of crystallography, gene fusion, and other methods were compiled by the White lab. This database is not updated regularly; the last update took place several years ago. Another collection is the TMPDB dataset [94] , containing 302 TMPs, with experimentally established topologies. This dataset includes topology data of 17 -barrel TMPs, as well. Although the references to PubMed are given for each entry, the experimental details and the method of data processing are neither included in the database nor are described in the article. While the authors of TMPDB and Möller's datasets planned to maintain their collections including further updates, the Möller dataset has never been updated, while TMPDB was updated only once, in 2003, but without adding any new entries. Recently, a new database, called TOPDB [22] , has been launched by collecting experimental data and 3D data of TMPs in an unified form, exactly describing the experimental details, for example the exact position of insertion/fusion points with the activity of the reporter enzymes. To generate topology of each entry in the database, constrained predictions with the collected experimental results have been made by HMMTOP2 algorithm [44, 101] .
The most common error of using these, so called "low resolution" data sets, is that the entire topology is accepted as it is; however in many cases only a few points of the sequence are proved to be on one or on the other side and the "experimentally established" topology for the other sequence positions are just predictions. This is the reason, why the Rost lab found the "prediction methods not significantly less accurate than low resolution experiments", because the low resolution experiments are generated mainly by predictions!
CONCLUSIONS
It is commonly accepted, that structure prediction of TMPs appears to be easier than that of water soluble globular proteins. The available topology data and the number of known structures are scarce, and albeit their growing rate has been shown to be exponential, only 2025 TMP structures are predicted to be determined in twenty years [124] . Therefore, we do not forecast the prediction accuracies of topology prediction methods concerning TMPs to be solved in the future. We see that the accuracies of the majority of the methods are decreasing with time. Moreover, the recently solved structures show that TMPs are more diverse than believed so far, lowering the accuracies even more.
The currently developed topology prediction methods use the same techniques than ten years ago and their accuracies are far from perfect. As the switching of techniques from hydropathy plot analysis to machine learning algorithms significantly increased prediction accuracy, new algorithms and/or new findings about topologies may increase the topology prediction accuracy to the level of perfection. While these new methods arrive, we should collect topology data and extend our knowledge on the structure and functions of transmembrane proteins. 
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